The importance of high-incidence "hotspots" to population-level tuberculosis (TB) incidence remains poorly understood. TB incidence varies widely across countries, but within smaller geographic areas (e.g., cities), TB transmission may be more homogeneous than other infectious diseases. We constructed a steady-state compartmental model of TB in Rio de Janeiro, replicating nine epidemiological variables (e.g., TB incidence) within 1% of their observed values. We estimated the proportion of TB transmission originating from a high-incidence hotspot (6.0% of the city's population, 16.5% of TB incidence) and the relative impact of TB control measures targeting the hotspot vs. the general community. If each case of active TB in the hotspot caused 0.5 secondary transmissions in the general community for each within-hotspot transmission, the 6.0% of people living in the hotspot accounted for 35.3% of city-wide TB transmission. Reducing the TB transmission rate (i.e., number of secondary infections per infectious case) in the hotspot to that in the general community reduced city-wide TB incidence by 9.8% in year 5, and 29.7% in year 50-an effect similar to halving time to diagnosis for the remaining 94% of the community. The importance of the hotspot to city-wide TB control depended strongly on the extent of TB transmission from the hotspot to the general community. High-incidence hotspots may play an important role in propagating TB epidemics. Achieving TB control targets in a hotspot containing 6% of a city's population can have similar impact on citywide TB incidence as achieving the same targets throughout the remaining community.
T uberculosis (TB) remains a leading infectious cause of morbidity and mortality, with over 8.8 million cases and 1.4 million deaths annually worldwide (1) . TB is known to cluster in hyperendemic "hotspots" often characterized by crowding (2) , poverty (3), HIV infection (4) , and other social determinants (5) . However, compared with other infectious diseases [e.g., sexually transmitted diseases (6) and vector-borne diseases (7)], where 20% of the population may generate 80% of transmission (7), TB transmission appears relatively more homogeneous. As a result, though spatial targeting is often advocated as an efficient method for achieving control of diseases such as malaria (8) , the degree to which hotspots contribute to community-wide transmission of TB remains uncertain. The concept of geographically defined hotspots driving TB transmission has biological plausibility. Preventing TB cases in high-transmission areas (e.g., crowded urban slums, poorly ventilated hospitals) may avert many more secondary transmissions than similar efforts in low-transmission areas. Similarly, cases in high-transmission areas are more likely to represent recent infection (which is more amenable to intervention) than reactivation of latent disease (9) . Prior explorations of heterogeneity in TB transmission (10) (11) (12) have studied the relative importance of TB reinfection vs. reactivation, but have not explicitly evaluated the contribution of hotspots to broader TB epidemics and their control. Rio de Janeiro boasts substantial geographic heterogeneity in TB incidence, high-quality surveillance data, and, due to the upcoming Olympics and World Cup, active efforts to disrupt the social underpinnings (e.g., drug trade) contributing to TB transmission (13) . Thus, we constructed a mathematical model of TB transmission in Rio de Janeiro to explore the importance of geographic hotspots to community-wide TB control.
Results
In this simplified model of TB transmission in Rio de Janeiro (Fig. 1) , a subpopulation (hotspot) comprising 6.0% of the city's population accounted for a disproportionate amount of ongoing TB transmission. If each case of active TB in the hotspot caused 0.5 secondary transmissions in the general community for each secondary transmission within the hotspot (i.e., a randomly selected resident of the hotspot was 32× more likely to be infected by a case of active TB in the hotspot than a randomly selected resident of the general community), the hotspot accounted for 35.3% of all TB transmission in the city (Fig. 2) . When the relative risk of transmission within the hotspot relative to the general community was lowered from 32 to 20, ongoing transmission in the community became dependent on the hotspot (i.e., R 0 <1 in the community). Under these conditions, reducing rates of TB transmission in the hotspot to those in the general community was sufficient to eliminate TB from the population in the long term. By contrast, when no transmission events were assumed to occur between the hotspot and the general community, the hotspot accounted for 19.4% of ongoing TB transmission (Fig. 2) . The common modeling assumption of geographic homogeneity in TB transmission (i.e., relative risk of 1.0 on the x axis of Fig. 2 ) was grossly untenable; if hotspot-to-community transmission is even one-sixth as likely as hotspot-to-hotspot transmission, the hotspot accounted for all TB transmission in the community.
Under the baseline scenario (0.5 hotspot-to-community transmissions for each hotspot-to-hotspot transmission), TB control interventions carried out only in the hotspot (6% of residents) had a similar impact on city-wide TB rates as the same interventions deployed to the remaining 94% of the population in the general community (Fig. 3) . For example, we considered an intervention resulting in a 50% reduction in time to treatment (e.g., household case-finding that detects all TB cases twice as quickly as passive case-finding). Carried out in the hotspot alone, this intervention reduced city-wide TB incidence by a mean 1.6% per year over the first 5 y, and by 25.4% by the end of year 50 (Fig. 3 , light blue line). By contrast, when applied to the remaining 94% of the population, the intervention reduced city-wide TB incidence by 2.5% per year over the first 5 y, and 28.5% by year 50 (Fig. 3, red line) .
Reducing TB transmission rates in the hotspot to those in the general community (Fig. 3, green incidence by a mean 2.0% per year over the first 5 y, or a 9.8% reduction by year 5 (95% uncertainty range: 6.9%, 11.4%). By year 50, TB incidence was reduced by 29.7%, reflecting a 62.8% reduction in incidence in the hotspot and a 23.1% reduction in the remaining community. Corresponding reductions in city-wide TB mortality were slightly lower: 7.8% reduction by year 5, and 29.1% by year 50. This impact was relatively robust to changes in parameters other than TB transmission rates (Fig. 4) . Assigning all such parameters to their least-favorable values resulted in a projected 5-y reduction in TB incidence of 4.7%; the corresponding best-case scenario achieved a 22.2% reduction. Removing HIV from the model increased the 5-y incidence reduction to 13.2%, and splitting the single hotspot into three noncommunicating hotspots did not change the projected reduction in incidence, to within 0.1%.
The contribution of the hotspot to city-wide TB transmission was most sensitive to hotspot size, hotspot intensity (relative rate of hotspot-to-hotspot vs. community-to-community transmission), and level of cross-transmission (relative rate of hotspot-to-hotspot vs. hotspot-to-community transmission). Fig. 5 shows the 5-y reduction in TB incidence projected from normalizing a hotspot (i.e., reducing its per-case TB transmission rates to those of the general community), according to these parameter values. Normalizing a geographically isolated, low-intensity hotspot (6% of the city's population, per-case TB transmission rate 2.1× that in the community, and no cross-transmission) reduced city-wide TB incidence by only 4.3%. By contrast, normalizing a nonisolated, high-intensity hotspot of the same size (per-case transmission rate 3.5× the community rate, generating one hotspot-to-community transmission for every hotspot-to-hotspot transmission) reduced city-wide incidence in year 5 by 16.3% (Fig. 5 , white circles). Both of these scenarios were consistent with the observed hotspot and community-wide TB incidence rates in Rio de Janeiro.
Discussion
This simple model of TB transmission in Rio de Janeiro uses plausible conditions to demonstrate that a disproportionate share of community-wide TB transmission likely occurs in small, geographically defined hotspots. In our baseline scenario, a hotspot containing 6% of the city's population and 16.5% of its TB incidence generated 35.3% of all ongoing TB transmission events. Because the burden of TB transmission in such hotspots is greater even than the burden of TB incidence, TB control efforts focusing on these areas are likely to have greater-than-anticipated impact on community-wide TB control. Equalizing TB transmission rates between our modeled hotspot and the general community Compartmental model of TB epidemic in Rio de Janeiro. The population is divided into two geographic compartments: the general population (94% of the total population) and a TB hotspot (6% of the total population, accounting for 16.5% of TB incidence). TB transmission occurs within and, to a lesser extent, across geographic compartments. In each geographic compartment, individuals fall into one of five TB states. Not shown here, but also included in the model, are two HIV states (HIV infected and uninfected), with HIV prevalence also higher in the hotspot. Each geographic compartment has its own births and deaths; for simplicity, migration between compartments is not explicitly modeled, but can be conceptualized as one mechanism of cross-compartment infection.
Fig. 2. Proportion of TB transmission events in Rio de
Janeiro arising from cases in the hotspot. The x axis describes the relative risk of transmission from an active TB case in the hotspot to a randomly selected resident of the general population, compared with a random hotspot resident. Because the general population is 0.94/0.06 = 15.7× larger than the hotspot, a relative transmission risk of 1/15.7 = 0.064 assumes that a TB case in the hotspot generates as many secondary transmissions in the general population as in the hotspot. The baseline scenario in the text assumes one-half this rate of cross-transmission (i.e., two hotspot-to-hotspot transmissions for every hotspot-to-community transmission). Under this assumption, the hotspot generated 35.3% of all transmission events, compared with 19.4% if cross-transmission were disallowed. reduced city-wide TB incidence by 2.0% per year over the first 5 y, and nearly 30% over a 50-y time horizon-an impact similar to halving time to treatment among the remaining 94% of the city's population.
This modeling exercise shows that, though TB may not follow the "80/20 rule" typical of some other infectious diseases, epidemics of TB may nonetheless depend on a core group, defined by conditions (e.g., crowding, poor access to health care) that engender high rates of ongoing transmission (7) . Prior geospatial mapping in Brazil has demonstrated the existence of geographically defined incidence clusters that correlate with low socioeconomic status (14) . Control strategies (e.g., contact investigation, reducing socioeconomic disparities) that target such clusters may have disproportionate impact, whereas those that ignore these hotspots will have a ceiling to their effectiveness. The plausibility of this argument is easily demonstrated; our model fitting suggests that a case of active TB in the hotspot generates 2.6× as many secondary infections as a similar case in the general community (e.g., because the hotspot case is exposed to crowded conditions and encounters individuals with greater susceptibility to TB). Thus, over two rounds of secondary transmission, preventing one hotspot case could have 2.6 × 2.6 = 6.8× greater impact on future TB incidence than preventing one community case. This equation is an oversimplification of actual dynamics, in which populations reach new equilibria (and is not assumed in our model). For example, hotspot cases may "saturate" their contacts Fig. 3 . Impact on TB incidence of hotspot-focused vs. population-based interventions. The upper solid line reflects the equilibrium assumption used to fit the model, in the absence of any intervention. The light blue and red lines correspond to 50% reductions in the mean infectious period (e.g., through active casefinding or improved diagnosis) of cases residing in the hotspot and general community, respectively. The purple line shows a reduction of 50% in the transmission rate of TB cases (i.e., number of secondary infections per infectious person-year) residing outside the hotspot. By comparison, the green line shows "normalization" of the hotspot (reduction in TB transmission per infectious hotspot person-year to the mean level in the general population). This scenario generates a mean 2.0% annual reduction in TB incidence per year over the first 5 y, or 9.8% reduction in TB incidence by the end of year 5 (29.7% by year 50). In general, interventions targeting the 6% of people living in the hotspot have similar impact to interventions targeting the remaining 94% of the population. Fig. 4 . One-way sensitivity analysis showing the reduction in transmission at year 5 from eliminating hotspots. Values on the x axis represent the relative reduction in city-wide TB incidence achieved at the end of year 5 after normalizing the hotspot (see text and Fig. 3, green line) . Relative transmission across geography is varied from 0.01 to 0.063 (one hotspot-to-community transmission for each hotspotto-hotspot transmission; Fig. 2) ; other parameters are varied to produce a 25% change in the corresponding epidemiological parameter ( Table 1) . The top three parameters were subsequently varied in multiway sensitivity analysis that also included hotspot size (Fig. 5) , whereas the remaining parameters were simultaneously varied in best-case and worst-case uncertainty analysis (see text for more information).
after a given time (10), or transmission rates may be so high that a prevented transmission event is quickly followed by another transmission event (15) . However, in the absence of complete geographic isolation, hotspots should contribute a greater proportion of ongoing community-wide TB transmission than would be estimated by comparing relative incidence rates alone.
It has been well-demonstrated that reducing TB transmission in hyperendemic hotspots is far more difficult than in the general community (16) . Preventing a case of TB in a resource-poor hotspot is almost certainly more difficult and costly than preventing a case in the general community. However, our model predicts that in the long term [and similar to other diseases, including malaria (8) and sexually transmitted infections (6)], the community-wide impact of preventing hotspot cases is likely to be disproportionately large. In our model, achieving TB control targets (e.g., 50% reduction in time to detection) in a hotspot comprising 6% of the population had similar community-wide impact as achieving the same target in the remaining 94%. Thus, even if the hotspot-based target was 10× more expensive to achieve on a per-capita basis, its impact on TB incidence per dollar spent would be greater than the hotspot-exclusionary target. This finding has particular relevance as national TB control programs consider how best to scale-up novel diagnostic interventions [e.g., Xpert MTB/RIF, a cartridge-based, automated diagnostic test that can identify Mycobacterium tuberculosis (MTB) and resistance to rifampicin (RIF) (17, 18)]; our model suggests that targeting such interventions-and the necessary infrastructure for reporting and treatment (19, 20) -to hotspots of high TB transmission may be a more cost-effective use of resources, even if fewer units can be deployed than when targeted to the general population.
The projected impact of hotspot-targeted interventions depends strongly on the rate of TB transmission from cases in the hotspot to members of the general community. Such cross-transmission events may be common in the setting of nosocomial transmission, incarceration, migration/transportation, and occupational exposures. Prior studies have shown that the amount of transmission that occurs in the household may be small (21, 22) , but other transmission events (e.g., at social events) (23) may be far more likely to occur within geographically defined boundaries than across them. This may also be true of hotspots (e.g., townships in Cape Town, South Africa) (24) that are geographically isolated from low-incidence areas. By contrast, the areas of highest TB incidence in Rio de Janeiro are centrally located and in close geographic proximity to commercial districts and other residential areas, making them potentially more important to ongoing city-wide TB transmission. Similar findings, in which the majority of cases attributed to recent transmission are not geographically aggregated, have been reported in Baltimore (25) and Harare, Zimbabwe (26) . Although molecular epidemiology studies are unlikely to be undertaken on a sufficient scale to ascertain the relative rates of transmission within vs. across hotspots on a population level (10), further modeling and mapping studies may shed light on this question, which is of critical importance in determining the appropriate prioritization of hotspot-centered interventions in TB control.
As with any mathematical model, our analysis has important limitations. First, for purposes of conducting a parsimonious experiment, we adopted a deterministic framework with two geographically defined compartments. Though this method allows us to investigate geographic heterogeneity in transmission with minimal reliance on extraneous parameter estimates, more complex models (e.g., agent-based models) would be necessary to elucidate important relationships on a finer scale, including social networks and household structure. Furthermore, our summation of three population clusters into a single transmission hotspot may be overly simplistic, although a model with three separate hotspots gave identical results. Second, as a proof-of-concept study, we did not evaluate the absolute impact of any specific TB control intervention. Thus, our numerical estimates of potential impact should be interpreted with caution. Third, we chose to model the population of Rio de Janeiro as a site with known geographic heterogeneity in TB incidence and existing high-quality surveillance systems. Though we believe the concepts elucidated by this model may be broadly applicable, caution should be exercised in generalizing specific estimates (e.g., the size or intensity of the transmission hotspot) to other epidemiological situations. Finally, the quality of our surveillance data may be lower in hotspots than in other districts of the city (e.g., underdetection of cases in hotspots); to the extent this is true, our data may underestimate the contribution of hotspots to ongoing city-wide TB transmission.
In conclusion, geographic heterogeneity in TB transmission results in hotspots that may play a disproportionate role in Fig. 5 . Projected reduction in city-wide TB incidence after normalizing hotspots, according to size and intensity of hotspot. Values of contour lines show the proportional reduction in city-wide TB incidence at the end of year 5 achieved by lowering TB transmission in hotspots to the mean value in the rest of the city (Fig. 3, green line) . Box A assumes complete geographic isolation of the hotspot (i.e., no cross-transmission from hotspot to community), box B assumes 0.5 transmission events from hotspot to community for every hotspot-to-hotspot transmission, and box C assumes one hotspot-to-community transmission for every hotspot-to-hotspot transmission. The baseline scenario in the text corresponds to box B, with a relative transmission rate of 2.6 and hotspot size of 0.06 (9.8% reduction). Other scenarios that replicate the TB incidence seen in Rio de Janeiro hotspots are a relative transmission rate of 2.1 in box A (4.3% reduction) and 3.5 in box C (16.3% reduction). These scenarios are shown with open circles.
propagating TB epidemics. Under plausible conditions, a hotspot containing 6% of a city's population can be responsible for 35% or more of its ongoing TB transmission. Achieving given TB control targets in a hotspot of this size may have similar impact on longterm, community-wide TB incidence as achieving the same targets in the remaining 94% of the population. To achieve maximum community-wide impact, TB control programs should focus their efforts disproportionately on the areas of highest transmission, even if it is more resource-intensive on a per-capita basis to do so.
Materials and Methods
Using ordinary differential equations, we developed a compartmental model of the TB epidemic in Rio de Janeiro. Because our aim was to explore the implications of heterogeneity in TB transmission (i.e., not to evaluate specific interventions), we strove for simplicity in model structure. We sought to incorporate sufficient complexity to reflect available epidemiological inputs with a minimum of additional assumptions. We therefore adopted a parsimonious model of five TB states (Fig. 1) , assigning cases of active TB the weighted average of infectiousness among smear-positive pulmonary, smear-negative pulmonary, and extrapulmonary cases. Latently infected and recovered individuals were assumed to be noninfectious. Population compartments were also defined by HIV status (positive vs. negative), with HIV-infected individuals having higher susceptibility to TB, greater risk of progression to active TB, higher general and TB-specific mortality, and lower TB infectivity. Further details of the model structure are given in SI Materials and Methods.
To fit the model to the population of Rio de Janeiro, we used data from ongoing, high-quality passive surveillance systems for TB, HIV, and mortality. These surveillance systems, which have been described elsewhere (27) , collect data at the level of bairros, geographically defined regions with population 
sizes ranging from 180 to 202,000 individuals. We identified three geographic clusters of bairros with TB incidence that was two-to fourfold higher than that of the general population of Rio de Janeiro. These clusters correspond to (i) the largest slum (favela) in the city (Rocinha), (ii) the city center, and (iii) a second favela (Manguinhos) that borders an aging and industrial area of the city (Bonsucesso). Together, these three clusters accounted for 6.0% of the population of Rio de Janeiro in 2009, but reported 16.5% of all incident TB cases. To facilitate a simple description of transmission dynamics, we then divided our model population into two subpopulations: the general community and a single, artificially defined TB transmission hotspot with a population size and TB incidence equal to that of the combined population of the three high-transmission clusters of bairros. To evaluate the effect of simplifying model structure into a single hotspot, we conducted a structural sensitivity analysis in which the hotspot was broken into three separate hotspots without cross-transmission. The contribution of hotspots to community-wide TB transmission depends on the relative rate of TB transmission from the hotspot to the general community vs. within the hotspot. We therefore set three independent TB transmission rates: hotspot-to-hotspot, community-to-community, and the relative rate of cross-population (compared with within-population) transmission. A focused review of the literature (SI Materials and Methods) suggested that 30-50% of recent TB transmission at the city level is geographically clustered (25, 26, 28) , but a small study in a Rio de Janeiro hotspot (29) found a higher rate of geographic aggregation (70%). Thus, for our baseline scenario, we estimated that a case of active TB in the hotspot would generate 0.5 secondary transmission events outside the hotspot for every transmission event occurring within the hotspot-a scenario that would lead to 67% geographic clustering among secondary cases if linked to the index case. Because the general community was 16× larger than the hotspot, the relative crosstransmission rate (i.e., rate of transmission to a randomly selected person in the other subpopulation vs. a randomly selected member of the same subpopulation) was 0.5/16 = 0.03. We performed sensitivity analyses for the extremes of complete geographic isolation (i.e., relative cross-transmission rate of zero) and one hotspot-to-community transmission event for every hotspot-to-hotspot transmission event (relative rate of 1/16, leading to 50% geographic clustering).
Model parameters were fit using epidemiological data from Rio de Janeiro (Table 1 ). We mapped model parameters to epidemiological data points in one-to-one fashion, using an iterative routine (30) to fit the model to the epidemiology of TB in Rio de Janeiro in 2007-2009, the last years for which comprehensive data were available. For simplicity in illustration and mathematical rigor, we assumed an equilibrium (steady-state) epidemic at baseline, defining equilibrium as <1% relative (or 1 per 100,000 absolute) change in any epidemiological data point in Table 1 over 5 y, and adequate model fit as matching each data point in Table 1 to within 1% of its recorded value. In Rio de Janeiro, both HIV and TB incidence have remained within a ±10% range over the last 4 y for which data are available, supporting the concept of near equilibrium (31) .
After the equilibrium model was constructed, we introduced hypothetical control interventions as described in Results. Our primary outcome was the projected reduction in TB incidence at 5 y after reducing the rate of TB transmission per active case in the hotspot to the mean rate in the general population. Because we did not seek to evaluate specific control interventions, the mechanism of achieving this reduction in transmission (e.g., general improvement in living conditions vs. TB-specific control measures) was not specified.
We performed one-way sensitivity analyses on all model parameters by determining the parameter value that would generate a 25% change (increase or decrease) in its corresponding epidemiological data point after reaching a new equilibrium (defined as the passage of 50 y). Because model sensitivity to parameters describing TB transmissibility was qualitatively greater than to other parameters, we performed an a priori three-way sensitivity analysis on the size of the hotspot, intensity of the hotspot (i.e., relative rate of hotspot-to-hotspot vs. community-to-community transmission), and relative cross-population TB transmission rate (i.e., hotspot-tocommunity vs. hotspot-to-hotspot). To estimate the remaining uncertainty related to the values of other model parameters, we performed best-and worst-case scenario analysis on the primary outcome, simultaneously setting all nontransmissibility related parameters to their most-and least-favorable values, respectively. We compared these results to those of probabilistic uncertainty analysis, where we simultaneously (using Latin hypercube sampling) varied all parameters other than the relative TB transmission rate over a β distribution (α = 2) defined by the range in Table 1 , taking the most likely value as the mode. We report the 95% uncertainty range as the 2.5th and 97.5th percentile of results from 10,000 such simulations. We assessed structural uncertainty by comparing results of our model to those of parallel models incorporating three separate, noncommunicating hotspots as above, and also by excluding compartments related to HIV coinfection.
